Minimum miscibility pressure is the least required pressure for complete mixing of gas and oil in the reservoir conditions. It is an important parameter in the processes of gas injection in a miscible manner and its precise determination is very vital in choosing the type of injecting gas and planning injecting equipment for increasing the recovery efficiency. The common method is determining MMP in slim tube or 1-D simulation of slim tube. Usually determining the minimum miscibility pressure via slim tube apparatus is an expensive and time-consuming test and to carry it out it is necessary to have a sample of reservoir oil and suggested injecting gas. Occasionally it is possible that for some unknown reasons despite spending much time and money it won't bring up any result. As a result, for determining this parameter, finding another method which has a higher precision in addition to being swift and less expensive is very necessary. On the other hand, there are several simulation methods to determine minimum miscibility pressure. These methods are so fast rather than slim tube experiment and relatively precise. MMP can be estimated numerically using compositional simulation, method of characteristics (MOC), mixing-cell methods, intelligent methods, and empirical correlations. However, nowadays one dimensional (1-D) slim tube simulation based on compositional simulation is very common. In this paper a suggestive method is proposed for determining MMP. A mixing rule method coupled with artificial neural network model (ANN) based on a numerous experiment data. Accuracy and computational time of artificial neural network method were compared to common prior models and correlations. The results show although intelligent methods are so fast, 1-D slim tube simulation is still a proper method to determine MMP in high accuracy. Average absolute relative error for MMP value is 1.5% for 1-D slim tube simulation, while the number for ANN is 3.25%. However, ANN method is recommended for fast MMP estimation.
INTRODUCTION
In the recent years, an increasing attempt has been allocated to the studies and development of improved oil recovery processes. Gas injection can be a very efficient method for improving the oil production, particularly in the case when miscibility develops during the displacement process. Miscible gas injection has been widely used as the most popular enhanced oil recovery process in oil reservoirs. For technical and economic success of miscible gas injection projects, an accurate laboratory measurement of minimum miscibility pressure (MMP) at reservoir temperature is essential (Green and Willhite, 1998) . MMP is defined as the lowest pressure at which injected gas becomes miscible with the crude oil to form a single phase through dynamic mass transfer interactions between oil and gas. When miscibility occurs, the capillary forces which trap the oil in the formation, diminishes and the oil is then more mobile, leading to an enhanced oil production. Therefore, reliable determination of the point that miscibility occurs is so important (Green and Willhite, 1998) .
There are several experimental methods to determine the MMP. The most common method is to conduct slim-tube displacements at various pressures and particular temperature where oil is representative of the reservoir fluid. Slim tube apparatus, as a one -dimensional model reservoir, is a narrow tube packed with sand, or glass beads, with a length between 40-60 ft and a quarter-inch diameter tube. The miscibility condition is determined by conditioning the displacement at various pressures, or injection gas enrichment levels, and monitoring the oil recovery. The minimum miscibility pressure (MMP) in this experiment, is defined as the pressure at which oil recovery in a 1-D displacement reaches 90% of the oil-in-place at 1.2 pore volumes injected (PVI) (Danesh, 1998) . However, slim-tube displacements are expensive and time consuming and very few MMPs can be determined by this way in practice (Katz and Stalkup, 1983) . The slim tube test inherits many problems including difficulties associated with the relatively large column diameter used and the difficulties in obtaining uniform packing. In addition, it needs several days to run optimal tests with a slim-tube packed column. Therefore, finding alternative methods are inevitable.
In addition to experimental methods there are also several simulation methods to determine minimum miscibility pressure. MMP can be estimated numerically using compositional simulation, method of characteristics (MOC), mixing-cell methods, intelligent methods, and empirical correlations. Using correlations could be the easiest available method to estimate MMP. However, the application might be limited in such a way that the properties of the fluid of interest need to fall within the range of properties used to develop the correlation in the first place (Rahmanian and Edalat, 2006) .
Another approach is based on the idea of mixing cells. A mixing cell is a conceptualized container in which oil and gas are mixed and equilibrium vapor and liquid phases are formed. There are two versions of the mixing-cell approach: singlecell method (Kou, 1985; Nouar and Flock, 1988 ) and multiple-cell method (Metcalfe et al., 1973; Pederson et al., 1986) . The multiple-cell version bears much resemblance to finite difference compositional simulation. However, for condensing/vaporizing gas drives, which are more common in crude oil displacements, the single-cell version gives incorrect MMP estimates (Wang and Orr, 1998) .
MOC methods determine the key tie lines in a dispersion-free displacement. The MMP from MOC is the pressure at which one of the key tie lines first intersect a critical point (becomes a tie line of zero length). The MOC method relies on accurate fluid characterizations using a cubic equation-of-state and is very fast. A disadvantage of MOC is that the correct and unique set of key tie lines can be difficult to find, especially for gas stream mixtures (Yuan and Johns, 2002) .
Compositional simulation is one the most common methods to simulate slim tube apparatus and determine MMP values. This numerical approach is based on compositional simulation of solvent injection into a 1-D high permeability porous media with straight-line relative permeability data (which are representative of complete miscible displacement processes). Since small size grid blocks are needed due to the small nature of the problem, the effect of numerical and physical diffusion, which has been mentioned previously by Stalkup (1993) , should be carefully considered. In order to accurately perform these types of simulations, swelling test experiments must be completed on the reservoir fluid. These experimental data are needed to tune the EOS model of properly characterized fluid. Besides, simulation of 1-D slim tube is also computationally expensive since different simulation cases (at various pressure conditions) have to be carried out (Haajizadeh et al., 2006; Zhao, 2006; Ghomian, 2008) .
Since slim-tube simulations are time consuming and the extrapolation to zero grid block size may not be accurate, a realistic and accurate calculation is needed. In the recent years, with the advent of great advances in computing technology, intelligent methods like artificial neural network (ANN), ANFIS (i.e. based on Fuzzy logic), genetic algorithm, etc. have been introduced to determine MMP (Birang et al., 2007) . In these methods firstly, oil and gas properties are defined as part of input data and then model is trained by transfer functions. In the next stage, rest of data is tested to evaluate model. This cycle is continued to find the best model. As these methods are much faster and sometimes more accurate, consequently they are more popular than the empirical correlations (Huang et al., 2003; Emera et al., 2005) . Emera and Sarma (2005) have made use of genetic algorithm to estimate CO 2 -oil MMP values. Also Shokir (2007) , Huang et al. (2003) and Birang et al. (2007) reported using artificial neural network (ANN) to obtain MMP value.
In this paper firstly, one -dimensional slim tube simulation is conducted as one of the most common methods for CK field to determine MMP. In this field separator gas was selected as injected gas. After PVT matching and compositional simulation, MMP is determined based on results of simulation. Also in order to evaluate intelligent methods' abilities, an artificial neural network is developed based on 128 experimental data. Ultimately, advantages and disadvantages of these two methods are compared completely.
INTRODUCTION OF CK FIELD
The studied field is located in the South West of Iran with a dimension of 28.5 by 4.5 kilometers in Asmari horizon. The initial pressure of reservoir is reported as 5500 Psia and the temperature is 210 F. According to the phase diagram of the oil samples, the reservoir is in its primary conditions. At the time being, it is in single phase and under-saturated without gas cap. So the dissolved gas drive mechanism is the major production method from the reservoir. Based on the petrophysical and geological data a 3D geological model with dimensions of NX=40, NY=120 and NZ=50 was made by PETREL which includes all reservoir rocks characteristics such as porosity, water saturation, net to gross ratio and permeability. In addition, a dynamic model of the reservoir was made by Eclipse ( Fig. 1) . Based on the available data from the field, history match was carried out for the measured static pressures which are shown in Figure 2 .
PVT EXPERIMENTATION AND SLIM TUBE TEST
The oil sample was taken from the CK by bottom hole sampling condition. The separator gas was selected to inject to the reservoir. Table 1 shows the oil and injection gas composition obtained from the lab analyses. PVT experimentation is carried out on reservoir fluid in order to understand and quantify the phase behavior and properties of the reservoir fluid. The two major PVT experiments applicable for oil are the Constant Composition Expansion (CCE) Test and the Constant Volume Depletion (CVD) Test. The Differential Liberation (DL) experiment, commonly performed on black oils, can also be performed on volatile oil. The slim tube illustrated schematically in Figure 3 has been used to carry out the displacement tests. The apparatus consists of an 21 m coiled stainless steel tube with an internal diameter of 0.38 cm, packed with 100 -150 mesh glass beads and can be horizontally or vertically oriented. A capillary tube sightglass is mounted at the downstream end of the tube in order to observe the produced fluids. The slim tube, sightglass, back-pressure regulator, injection cell and differential pressure transducer are all mounted within a temperature controlled air bath at 210 °F. The liquid is collected in preweighed tubes and the vapour passes through a wet test meter. A gas chromatograph can be connected between the separator and the wet test meter in order to measure the composition of the produced vapour.
The measured average porosity of the column was 31% and the absolute permeability was 8.9 darcy. To achieve a stable flow and a close approach to the chemical equilibrium, the oil was displaced at a velocity of 141 cm/hr at reservoir conditions. A total of 5 slim tube displacements were conducted at different pressures and each test took around 17 hr. Table 2 According to the parameters in regression, several runs were carried out so that eventually an acceptable match between empirical data and calculated ones was reached which are shown in Figure 4 .
1-D Slim tube simulation
In this research, a 1-D simulator (E300) was used to determine the MMP of gas separator in reservoir fluid. A model of slim tube with 21 meters length and 0.40 cm width simulated with the dimensions of 1*1*500 grid and a height difference of 0.50 meter just to be sure about the presence of miscible mass in the model. Necessarily the diameter of the tube should be very small to prevent fingering effect of the gas in the tube. Full Implicit solution method was applied and MISCIBLE Keyword was used to activate the dependence of relative permeability and capillary pressure to surface tension.
To consider constant displacement pressure in slim tube model during gas injection, the pressure difference was considered as constant so that the pushing force of the injected fluid was due to the dissolution of injected fluid in reservoir fluid. Also in the model, the gas injection was carried out in the constant flow rate. The injection well was located in the first grid and the production well was located in the last grid of the model so that the production was done at the bottom hole constant pressure. The standard method in stopping the displacement in slim tube simulation is using the amount of injected gas, Often after injecting fluid up to 1.2 times of pore space the displacement is stopped. Other slim tube's specifications were considered the same as real slim tube tests' mentioned in the previous section. Slim tube simulation was carried out in lab scale and during 17 hours. To determine the separator gas MMP with regards to the real MMP in slim tube test in the lab that was done on reservoir fluid in pressure conditions of 4000, 4300, 4600, 4800 and 5000 psia, the same pressure conditions were considered in slim tube simulation to be sure about the accuracy of the modeling.
Finally the diagram of recovery factor against displacement pressure was drawn to determine MMP. When the MMP pressure for the separator gas was determined, the results were compared with the experimental value of MMP. The value of MMP for separator gas is represented in Figure 5 .
DEVELOPMENT OF A NEW ARTIFICIAL-NEURAL-NETWORK MODEL
Artificial neural network is defined as a powerful data modeling tool that is able to capture and represent complex input/output relationships. The true power and advantage of neural networks lies in their ability to represent both linear and nonlinear relationships as well as to learn such relationships directly from the data being modeled. Traditional linear models are simply inadequate when it comes to modeling data that contain nonlinear characteristics. The knowledge of the neural network is encoded in the values of its weights. The task of determining the weights is called training and is basically a conventional estimation problem. For this purpose, the back propagation strategy has become the most frequently used method that tends to yield reasonable answers. The training function updates weight and bias values according to the Levenberg-Marquardt back-propagation optimization (Haykin, 2004) .
In order to simulate slim tube performance by artificial neural network, there are many parameters which have effect on MMP directly. They include reservoir temperature, oil characteristics, and injected gas composition (Metcalfe et al., 1973; Huang et al., 2003; Emera and Sarma, 2005; Ghomian and Sepehrnoori, 2008) . Of course, this data is in PVT test reports for hydrocarbon components (C1-C 7 + : including 9 components) and non-hydrocarbon components (N2, H2S, CO2). Since C 7 + is an impure component, empirical correlations are used to predict thermodynamic properties. For this purpose, it is required to have two parameters. Since molecular weight and specific gravity of C 7 + are available in the PVT reports, they are considered to obtain other properties of this pseudo component. TWU and Lee Kesler were considered as empirical correlation to predict C 7 + critical temperature and critical acentric factor. Therefore, the number of effective independent variables is 27, including reservoir temperature (1 variable), injected gas composition (12 variables) and reservoir oil composition (14 variables).
128 samples of experimental data were prepared from Iranian oil reservoirs MMP reports and some literatures (Benham et al., 1960; Holm and Josendal, 1982; Cronquist, 1978; Yellig and Metcalfe, 1980; Kou, 1985; Sebastian et al., 1985; Alston et al., 1985; Glaso, 1985; Firoozabadi and Aziz, 1986; Dong et al., 1999; Emera and Sarma, 2005; Shokir, 2007) . Sample data include reservoir temperature, injected gas composition, and reservoir oil composition. In this data bank the range of reservoir temperature is from 90 to 350 °F and minimum miscibility pressure as a dependent variable is from 950 to 6814 Psia.
There are 27 independent input variables which are too many for each modeling system and result in some complications. Thus, it is necessary to reduce the number of input variables in order to decrease computational error and CPU time. However, the elimination of some input variables causes alterations in part of the system's behavior. On the whole, it is important to find a method to decrease the input variable without omission of parameters effect. In this study, mixing rules are used to decrease the number of variables as their value and type affect the MMP. Furthermore, Critical properties are applied to define components in system. In fact, Critical properties indicate the type of pure component, so they can represent oil and gas injected composition and the type of component if they are used by mixing rules. Critical temperature and critical acentric factor are used as two thermodynamic parameters to decrease the number of input variables. In addition, due to the existence of pseudo component C 7 + , TWU is considered as experimental correlations to predict pseudo component properties (Ahmed, 1989) . Weight-fraction mixing rule is applied to estimate mixing properties oil and gas. Moreover, the molecular weight of C 7 + component is considered as an independent variable directly because of error existence in experimental correlations. Therefore, these 5 parameters along with reservoir temperature are applied as input variables.
The applied algorithm to develop the neural network model includes seven main stages: 1. Data reading; 2. Data preparing; 3. Data division into train and test data; 4. New network creating; 5. Network training; 6. Network testing; 7. Saving results and displaying best results. In this study 80 percent of data are considered for training and validation and the remaining data are applied to test the network.
RESULT AND DISCUSSION
Average absolute relative error (AARE) and regression coefficient are investigated for artificial neural network model in different architectures. Figure 6 illustrates AARE versus different architectures of ANN with different neurons. As shown, the single layer structure with 30 neurons has minimum error among the other structures. In this structure, the average absolute relative error is 3.25% for test data. In this model, the weight-fraction mixing rule was used to reduce independent variables and TWU and Lee Kesler were considered to predict C 7 + critical temperature and critical acentric factor, respectively. The Levenberg-Marquardt algorithm and hyperbolic tangent were applied in the network structure. MMP predicted values by this model versus experimental data are illustrated in figures 7 and 8 for the train and test data. There is a good match in both groups. Table 3 shows AARE and regression coefficients for both train and test data in this model. Furthermore, user-friendly software was developed to facilitate using the ANN model (U-MMP) to estimate MMP. For this purpose, the user just enters oil composition, C 7 + properties, injected gas composition and reservoir temperature. The MMP is calculated so fast and displayed in the screen (Fig. 9) . In order to evaluate accuracy of predictor models, the results of 1-D slim tube simulation are compared with results of U-MMP simulator (based on ANN model). CK oil field's MMP data was consider as an input data for both of the simulators. These data included PVT and MMP experimental data. Also, in order to better compare, the CK field's MMP data were not entered in either training or testing process in neural network model. The comparison of predicted MMP value and computational time for each method is showed in table 4. It is so easy to change input variables in the ANN model. For example, in order to investigate the effect of oil and gas injected gas composition in this model, after entering input variable, the MMP would be predicted in 2 seconds. While in 1-D compositional simulation, it is a time-consuming due to PVT matching and solving flow equations. Therefore, ANN model is an appropriate method to determine minimum miscibility enrichment (MME). So many injected gas can be investigated in short time to find MME. Furthermore, in the ANN model up to dating is easy and fast in comparison with 1-D compositional simulation. In fact, ANN model can re-train its structure with new data without any needs for building new structure. While in 1-D compositional simulation, the process of building model should be conducted again if the input variables vary considerably.
CONCLUSION 1)
In this study an artificial neural network model was develop based on mixing rule and considering affecting parameter on MMP. The results show that the computational time decreases dramatically compared to common simulation method while the predicted MMP values are relatively precise. Therefore it can be concluded that ANN is a quite reliable method to fast estimation of MMP and it is recommended to apply the ANN method in optimization algorithms where it is necessary to run a model for several times.
2)
In order to evolution of ANN's abilities, a 1-D compositional simulation of slim tube was conducted. The results showed that although the computational time is longer than ANN model, compositional simulation still is the most accurate method to predict MMP values. 3) U-MMP simulator was developed to facilitate applying the ANN model with a user friendly interface. Input variable including oil composition, C 7 + properties, injected gas composition and reservoir temperature are entered and then MMP value is predicted quickly.
4)
By the U-MMP simulator, minimum miscibility enrichment an important parameter in miscible gas injection process can be predicted for different oil composition in various temperatures. Different gas composition can be entered to find lowest MMP in the short time.
5)
Up-dating of ANN's structure is easy in comparison with common simulation method due to structural features of neural networks. It is applicable when there are new experiment MMP data and results in improving model accuracy.
